Introduction
The prevalence of obesity is increasing globally, and obesity is thus becoming a major public health concern.
1, 2 The global obesity prevalence is predicted to reach 18% in men and over 21% in women by 2025. 2 Obesity results from a lack of balance between calorie intake and energy expenditure, which increases adipose tissue and activates endocrine entities. 3 Adipose tissue secretes adipokines, which influence many metabolic Although visceral fat mass and, in particular, liver fat content have been shown to be valuable in predicting cardiometabolic risk, conducting such measurements is limited by costs, availability of instruments, and the requirement of highly trained technicians. 5 By contrast, the body mass index (BMI) is easy to use because it is calculated using body weight in kilograms divided by the square of an individual's height in meters (kg/m 2 ). As such, it is the most commonly used measure of weight status in epidemiology, clinical care, and clinical nutrition. BMI represents weight adjusted for height and aims to represent fat mass, fat-free mass, and body fluid. Scientific evidence indicates that a high BMI is associated with being overweight and obese, and is a predictor for all-cause mortality. 6, 7 However, BMI does not address fat distribution or discriminate between lean mass and fat mass, and these need to be defined using different methods because they represent body adiposity. 8 In this respect, the percentage of body fat (PBF) is an effective measure of adiposity because it has been shown to be associated with metabolic dysregulation, regardless of body weight. 9 Large-scale studies have shown that BMI correlates highly with PBF and such correlation is stable with height. 10, 11 For example, a study conducted on a US adult population demonstrated a high relationship between BMI and PBF, enabling the prediction of PBF based on BMI classification. 11 In global clinical practice, both BMI and PBF are widely accepted as accurate measures of obesity. 12 On the basis of general trends in the relationship between BMI and morbidity and mortality rates, the World Health Organization uses BMI cutoff points for classifying overweight and obesity in the global adult population that are greater than, or equal to, 25 and 30 kg/m 2 , respectively. 13 These cutoff points have been applied in research and clinical practice, regardless of age, sex, or race/ethnicity. 14 However, considering a population-specific BMI cutoff in Asian populations is necessary because Asians have different contributions of bone mass, muscle mass, and fluid to body weight than European populations, resulting in a reduced association between BMI, PBF, and health risk. 15 In addition, Asian populations have higher or lower PBF at a specific BMI than white or European populations, and this is dependent on cultural subgroups, social and economic conditions, and nutritional factors. 15, 16 For example, a recent study conducted with Asian-Americans showed that BMI did not accurately reflect underlying adiposity and thus showed poor sensitivity in detecting PBF, especially in women. 17 Women have a higher PBF than men at all ages and in all ethnic groups. A relatively high PBF may put Asian-American women at risk of future obesity-related diseases. In Thai populations, Pongchaiyakul et al determined the optimal cutoff values of BMI for defining obesity in men and women. 18 However, the PBF cutoff points do not agree with those of BMI with respect to given sex-specific obesity cutoff points. For example, the optimum BMI obesity cutoff point for women (≥25.0 kg/m 2 ) is actually lower than that for men (≥27.0 kg/m 2 ), whereas the corresponding PBF cutoff point is higher for women (≥35%) than for men (≥25%). Therefore, BMI and PBF values are not directly comparable.
Obesity causes chronic inflammatory diseases and mainly contributes to the development of insulin resistance, several components of metabolic syndrome (MetS), and systematic low-grade inflammation. As mentioned, BMI and PBF results associated with obesity-related risk factors are controversial with respect to differing racial/ethnicity populations, and less is known about the performance of these obesity measures in Southeast Asian countries, most of which are classified as "developing countries". 14, 19 Therefore, the aim of this study was to compare the performance of BMI and PBF in identifying major risk factors and new emerging risk factors for cardiovascular disease (CVD) in an adult Thai population. We also conducted the study to test whether associations between the measures and cardiometabolic risk factors have a sex-specific inclination. Information obtained in this study could be applied across Southeast Asian populations with similar ethnic and cultural subgroups, degrees of urbanization, and social and economic determinants of health and nutrition statuses.
Materials and methods

Study participants
This cross-sectional study enrolled a total of 234 outpatients who were aged at least 20 years and were receiving wellness check-ups in the general clinic at Ramathibodi Hospital, a hospital associated with the Faculty of Medicine of Mahidol University in Bangkok, Thailand. Patient exclusion criteria included a prior history of CVD or taking lipid-lowering drugs, or having had cancer, end-stage chronic kidney disease, or another serious medical condition. Data were obtained using a questionnaire and physical examination. All participants provided written informed consent, and the study Body composition analysis was conducted using a multifrequency bioelectrical impedance analyzer (Biospace™ InBody 720 body composition analyzer; GE Healthcare, Chicago, IL, USA). Criteria for defining obesity in the adult Thai population were a BMI level of ≥25.0 kg/m 2 for women and ≥27.0 kg/m 2 for men, and a PBF level of ≥35% for women and ≥25% for men. 18 Participants with BMI measurements below or above mentioned cutoff points were defined as being of a normal weight or overweight, respectively. Participants with PBF measurements below or above mentioned cutoff points were defined as lean or fat, respectively. MetS was defined using National Cholesterol Education Program-Third Adult Treatment Panel (NCEP ATP III) criteria modified for Asian populations. 20 
Biochemical measurements
Blood samples were collected during a fasting state. All samples were analyzed for total cholesterol, triglycerides, low density lipoprotein-cholesterol (LDL-C), high density lipoprotein-cholesterol (HDL-C), glucose, apolipoprotein (apo) A-I (apoA-I), apoB, lipoprotein subclass, high-sensitive C-reactive protein (hsCRP), insulin, adiponectin, leptin, 25-hydroxyvitamin D, and hemoglobin A1c (HbA1c). Lipid profiles and glucose were measured using enzymatic methods (Siemens Medical Solution Diagnostics, Tarrytown, NY, USA). ApoA-I, apoB, and hsCRP were measured using a Siemens BN ProSpec, and adiponectin and leptin levels were quantified using the ELISA system (Mediagnost Gesellschaft für Forschung und Herstellung von Diagnostika GmbH, Kusterdigen, Germany). HbA1c was determined using the Cobas Integra immunoturbidimetric method (Roche Diagnostics Ltd., Rotkreuz, Switzerland), and insulin and 25-hydroxyvitamin D levels were determined using the Immulite H2975 (Siemens Medical Solution Diagnostics) and LIAISON ® Analyzer ( DiaSorin, Stillwater, MN, USA), respectively. Insulin resistance was estimated using the Homeostasis Model Assessment of Insulin Resistance (HOMA-IR), the index for which was calculated according to the following formula: HOMA-IR = fasting insulin (μIU/ mL) × fasting glucose (mmol/L)/22.5.
Lipoprotein subclass was analyzed using polyacrylamide tube gel electrophoresis (Lipoprint™; Quantimetrix, Redondo Beach, CA, USA), which electrophoretically separates plasma lipoproteins into the following bands: very low density (VLDL); intermediate low density (IDL): midband-C (MIDC), midband-B (MIDB) and midband-A (MIDA); large-buoyant LDL (LDL1 and LDL2); small-dense LDL (LDL3-LDL7); and HDL. Relative areas for each lipoprotein band were determined by densitometry and multiplied by total cholesterol concentration to yield the amount of cholesterol for each band. Mean LDL particle sizes were computed. The atherogenic lipoprotein pattern was defined by a small-dense LDL of >0.16 mmol/L or a mean LDL particle size of <26.5 nm. ) was observed among lean participants. The results obtained for metabolic biomarkers were similar for the normal-weight and overweight groups and the lean and fat groups, with the exception of LDL1 and apoB, which showed significant differences between the lean and fat groups. The following were noted in participants who were considered overweight or fat compared with the normalweight or lean group: higher levels of glucose homeostasis markers (insulin, HOMA-IR, fasting glucose, and HbA1c), 
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Obesity index in predicting cardiometabolic risk factors triglycerides, VLDL, small-dense LDL, apoB, leptin, and hsCRP, but lower levels of HDL-C, ApoA-I, and adiponectin concentrations and mean LDL particle sizes. However, the results revealed no significant differences in mean concentrations of total cholesterol, LDL-C, IDL-C (MIDC to MIDA), non-HDL-C, and 25-hydroxyvitamin D between the normalweight and overweight or lean and fat groups.
correlation between BMi and PBF
The correlation between BMI and PBF for all participants is shown in Figure 1A . Linear regression statistics revealed a moderate relationship between BMI (x) and PBF (y): y = 1.25× + 0.82, R 2 = 0.287. A superior relationship was found with respect to sex stratification, where linear regression statistics were y = 1.51× -13.20, R 2 = 0.556 for men ( Figure 1B ) and y = 1.44× + 0.05, R 2 = 0.522 for women ( Figure 1C ).
characteristics and biomarkers of groups based on different obesity measures
Participants were categorized into four groups based on whether they exceeded BMI or PBF cutoff points. The proportions of men did not differ among all groups (Table 2) . Of participants classified as normal weight, 25% had higher than cutoff values for PBF, whereas 9% of those classified as lean had a BMI that was higher than the cutoff value. For body composition, significant differences were observed between parameter values for all four groups, particularly with respect to the waist-to-hip fat ratios and visceral fat areas, which were clearly elevated in the participants with normal weight and fat and overweight and fat. A marked difference was found between the groups with respect to risk for individual components of MetS. Abdominal obesity, hypertension, hypertriglyceridemia, and hyperglycemia were more highly prevalent in the subjects with overweight and fat, but those with overweight and lean had the highest prevalence of low HDL-C. The results indicated a marked increase in the prevalence of MetS (more than 50%) in the groups of overweight and/or fat compared with normal weight and lean group. Statistically significant differences were observed among the groups for most of the monitored variables, including glucose homeostatic biomarkers (insulin, HOMA-IR, glucose, and HbA1c), lipid biomarkers (VLDL, small-dense LDL, LDL particle size, triglycerides, HDL-C, and apoA-I), hsCRP, leptin, and adiponectin, as shown in Table 3 . However, no significant differences in the levels of apoB and 25-hydroxyvitamin D were observed between the groups.
To compare the risk of cardiometabolic risk factors in the groups of overweight and/or fat with that of normal weight and lean, a multinomial logistic regression model was applied (Figure 2 ). The ORs (95% CIs) for hypertension ( Figure 2A) Figure 2C ). By contrast, there were no significant differences in the increased risk of HbA1c ( Figure  2D ) between all groups. For the lipid metabolic profile, the participants with overweight and/or fat showed a significantly high risk of hypertriglyceridemia ( Figure 2E Figure 2G ) and decreasing mean LDL particle size ( Figure 2H ). association between BMi and PBF and cardiometabolic risk factors stratified by sex A backward, stepwise removal process was applied to remove cardiometabolic risk factors exhibiting no significant (P > 0.05) association with BMI or PBF, and the remaining variables adjusted for age, height, and smoking status for analysis are shown in Table 4 . BMI was associated with hypertension for both sexes. HOMA-IR and fasting glucose were associated with PBF for men, but were associated with BMI for women. HbA1c, hsCRP, and 25-hydroxyvitamin D were not associated with any measure for either sex. Differences were observed with respect to an association between the measures and lipid metabolic biomarkers. Similar to fasting glucose and HOMA-IR, triglycerides were associated with PBF for men but with BMI for women. HDL-C was related to BMI for both sexes, but atherogenic lipoprotein patterns (including small-dense LDL and mean LDL particle size) were related to PBF for both sexes. 
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Obesity index in predicting cardiometabolic risk factors leptin was associated with PBF for men and BMI for women, whereas adiponectin had no association in any way for men, but agreed with BMI for women.
Discussion
BMI and PBF are two different clinical measures of obesity. However, whether the two measures are equally applicable in certain populations is unclear. For example, Asian populations tend to have a higher PBF and related complications compared with other ethnic populations with the same BMI. 16 Moreover, many results have indicated sex-related differences in regulation of adipose tissue; women have a greater amount of PBF than men with an equivalent BMI. 17, 21 The question is whether the use of only one measure or the other is sufficient. Our results reveal that neither measure used alone is sufficient.
For the Thai population, our results show a good relationship between BMI and PBF when sex stratification was accounted for. According to our data, the proportions of men were similar in all groups when using either BMI or PBF for classification (Tables 1 and 2 ). This implies that sex-specific cutoff points regarding BMI and PBF are appropriate for defining excess body weight and body fat for the adult Thai population. According to such criteria, 27.8% of the participants were identified to be obese using the sex-specific BMI cutoff, but 40.6% were determined to be fat using the PBF cutoff. Our results are similar to those of the recently published study of Gába and Přidalová, who demonstrated that although 21% of Caucasian women studied had a BMI of ≥30 kg/m 2 , 40% had a high excess fat mass. 22 Notably, among our normal-weight participants, 25% were found to have PBF that was higher than the cutoff value. Indeed, in Group C and D, there was a marked increase in the waist-to-hip fat ratio and the visceral fat area compared with Group A and B. Such results indicate the poor diagnostic performance of BMI in measuring increased body fat (adiposity) in this population.
In the present study, we observed that BMI and PBF differed considerably in their predictive abilities for numerous 
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Vanavanan et al cardiometabolic risk markers (Figure 2) . Furthermore, we observed large differences in the abilities of the BMI and PBF measures to identify specific risk factors, as shown by the ORs (Table 4) . A good discriminator for individual participants being at risk of hypertension was being overweight (with or without fat). Moreover, BMI, and not PBF, was strongly associated with hypertension, independent of age, height, or sex. A study of Chinese adults by Hou et al found that BMI adequately reflected body volume and mass, and this was associated with blood viscosity and blood volume and was closely related to blood pressure. 23 However, in our Thai population, the magnitude of the association between BMI and hypertension was much higher in men (an OR that was twice as large in men than in women).
According to results of glucose and lipid metabolic profiles, individual participants who were overweight and fat clearly demonstrated a high risk of all metabolic regulations, except for increased HbA1c. Additionally, our data indicate that participants with a contradictory BMI and PBF (normal weight and fat or overweight and lean) may be misidentified as being at risk of glucose and lipid metabolic dysregulations. Furthermore, participants identified as being of a normal weight but fat also demonstrated a risk of insulin resistance. This result supports the report by Romero-Corral et al that individuals with a high body fat content but a normal weight were more predisposed to type II diabetes mellitus than those who were overweight but had a normal fat mass. 24 Notably, however, our results indicate that participants who were either normal weight and fat or overweight and/or fat did not appear to be at risk of increasing levels of HbA1c. This finding is in agreement with that of Mainous et al, who reported that BMI and waist circumference showed no association with HbA1c. 25 HbA1c reflects an increase in average glucose levels. However, participants in Group D were overweight and fat (Table 3 ), but they showed no marked glucose increase compared with Group A (107.1 vs 94.5 mg/dL, only a 14% increase), which may not be sufficient to significantly increase hemoglobin glycosylation. Insulin resistance differed between the participants with overweight and fat and normal weight and lean (2.087 vs 0.850, a 145% increase). An increase in insulin secretion (7.37 vs 3.52 μIU/mL, a 108% increase) may have restrained the glucose concentration. Another population-based study showed that the agreement between HbA1c and oral glucose tolerance test criteria in classifying participants' glycemia decreased with an increase in the participants' BMI, particularly when screening for prediabetes (HbA1c ranged from 5.7% to 6.4%). 26 We noted a large sex-specific variation between BMI and PBF with respect to their association with the serum metabolite profile. Multiple studies have shown that individuals with a large body fat content are predisposed not only to type II diabetes mellitus but also to CVD. [4] [5] [6] [7] We observed that HOMA-IR, fasting glucose, and triglycerides were similarly associated with PBF in men but not in women. By contrast, BMI was shown to be a good predictor of these risk factors in women. Women tend to have more body fat than men. Furthermore, because of distinct differences in fatty acid mobilization and oxidation and storage, women tend to store more fat in the gluteal-femoral region, whereas men store more fat in the visceral depot. 27 Therefore, the use of BMI as an indicator of CVD and type II diabetes mellitus for women is preferable over the use of PBF in evaluating changes in body adiposity over time, because changes in body weight are more likely to represent an increase in the volume of adipose tissue.
The lipid metabolic profiles showed differences between BMI and PBF in their ability to predict each of the lipid risk factors. Although numerous studies have reported a direct correlation between increasing adiposity and dyslipidemia, our results reveal no significant differences in total cholesterol, LDL-C, IDL-C, or non-HDL-C between the normalweight and overweight or lean and fat groups. 28, 29 However, notably, PBF in both sexes was a predictor for only increased small-dense LDL particle size and decreased LDL particle size, which play an important role in the development of atherosclerosis. These data are consistent with the data of Rainwater et al, who showed that changes in metabolic conditions (such as obesity) predominantly affect LDL particle size more than LDL absolute levels. 30 Notably, many studies have demonstrated that small-dense LDL particles were strongly associated with raised triglycerides and decreased HDL-C concentrations, whereas we found differences between the obesity measures in their ability to predict these lipids abnormalities. 31, 32 BMI was strongly associated with low HDL-C in both sexes, whereas PBF was strongly associated with small-dense LDL particles. In addition, we observed a trend where participants who were overweight exhibited a greater probability of having low HDL-C compared with those who were considered fat ( Figure 2F ). According to Pietrobelli et al, the composition of HDL may be altered through muscle lipoprotein lipase-mediated transfer of cholesterol esters from HDL to triglycerides-rich lipoprotein remnants, which leads to increased HDL catabolism. 33 Furthermore, a recent cohort 
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Obesity index in predicting cardiometabolic risk factors study in women with a high prevalence of MetS showed that trunk fat-free soft tissue mass may have detrimental effects on HDL levels. 34 Data from the current study also demonstrate that participants classified as being obese according to BMI but having normal fat mass according to PBF tended to have a high muscle mass, and they showed the lowest HDL-C and apoA-I levels (Table 3) . Therefore, not only adipose tissue but also nonadipose components, particularly muscle mass, may play an important role in HDL metabolism.
Notably, the predictive abilities of both BMI and PBF were quite similar with respect to HOMA-IR and to glucose and triglyceride concentrations; BMI was a better predictor for women and PBF for men. Remarkably, these patterns were also observed for leptin levels. This indicates that muscle and adipose tissues influence the regulation of several important physiological functions and that there is a close link between adipokine and glucose and lipid metabolisms.
Hypertension, insulin resistance, hyperglycemia, dyslipidemia, increase inflammatory markers, and 25-hydroxyvitamin D deficiency have been studied with respect to an associated CVD risk. 35, 36 However, our results reveal no association between BMI or PBF and hsCRP or 25-hydroxyvitamin D. Although low 25-hydroxyvitamin D levels have been extensively reported in obesity, we notably found that 25-hydroxyvitamin D levels were similar between normal and obese participants, independent of the obesity measure used. 37 Inconsistencies in the reporting of associations between serum 25-hydroxyvitamin D and obesity may be due to the high levels of vitamin D inadequacy in the Thai population, which were up to 44.3% and 91.9%, as defined by 25-hydroxyvitamin D levels less than 50 and 75 nmol/L, respectively. 38 Our study has some limitations. First, only a few participants were defined as having an excess BMI with a normal PBF, which may limit our conclusions. Therefore, further studies involving larger and different Southeast Asian populations are required to confirm the findings presented herein. Second, age, sex, height, and smoking status are known to be risk factors associated with developing CVD risk factors; although these factors were accounted for and adjusted in our analysis, other factors were not accounted for, despite being known to be risk factors in developing CVD (such as dietary intake, level of education, physical activity, and family history). Third, we measured PBF in this study by using bioelectrical impedance analysis, which tends to underestimate body fat in subjects. 39 However, this method of analysis is used in large-scale epidemiological investigations because it is least expensive and is the most simple and reproducible method used to conduct PBF evaluations and other body composition assessments.
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Conclusion
This study was conducted on a Thai population, and the results reveal that Thai women have a higher PBF than men. In particular, the two measures of obesity (BMI and PBF) exhibited considerable sex-specific variations in terms of their associations with cardiometabolic risk profiles. With respect to glucose homeostasis and to triglyceride and leptin concentrations, BMI was a better predictor for women and PBF for men. In addition, we clearly demonstrated that participants with a contradictory BMI and PBF could be misidentified as being at risk of glucose and lipid metabolic dysregulations. The differences between the two measures in terms of their prediction of cardiometabolic risk indicate that using exclusively one or the other measure provides an inferior risk prediction than using both measures, as shown herein with the Thai population. Therefore, because both BMI and PBF are easy and inexpensive to use, both should be applied in screening activities.
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